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Abstract: Industry 5.0 addresses the human challenges of Industry 4.0 as a human-centric solution, placing
the worker’s well-being at the centre of the production process. If, on the one hand, the last technologies
support operator 5.0 to embrace the collaborative potential of human-machine cooperation, on the other
hand, the complexity, as well as the rapid evolution of new technologies, could have the potential to produce
immediate stress reaction leading to reduce the workers’ well-being. Recent studies have proved that the
maintenance area is experiencing many innovations in terms of approaches and technologies. In this field,
the rapid progress of technological equipment is leading to an increase in the human operators' mental
workload. This paper presents preliminary concepts and objectives of a Decision Support System (DSS)
for the Diagnosis and Evaluation of Maintenance Operations. The DSS intends to assist industrial
professionals and stakeholders in maintenance tasks characterised by significant cognitive demands.
Considering variables such as task complexity and the mental and physical condition of operators involved
in a maintenance task, the DSS will provide real-time recommendations for selecting the most suitable
operators by promoting a gradual technology introduction, increasing industrial performance, and ensuring

the well-being of the workers.
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1. INTRODUCTION

The advent of Industry 5.0 marks a significant evolution from
its predecessor, Industry 4.0, promoting a paradigm shift that
intertwines technological progresses with human-centric
values. Industry 4.0, characterized by the integration of digital
technologies such as the Internet of Things (IoT), big data
analytics, and cyber-physical systems, revolutionized
manufacturing  landscapes, emphasizing  automation,
efficiency, and digital connectivity (Gladysz et al., 2023).
Unlike Industry 4.0, which prioritized machine efficiency and
automation, Industry 5.0 emphasizes the synergy between
humans and technological advancements repositioning the
human workforce not just as operators but as integral
components of industrial processes. This new era recognizes
the unique value of human creativity, empathy, and cognitive
skills, which machines cannot replicate (Alves, Lima &
Gaspar, 2023). To this end, Industry 5.0 aims to foster a
collaborative environment where humans and machines
coexist, each complementing the other’s strengths to create
more sustainable, resilient, and personalized production
processes, reflecting a shift towards a more balanced, ethical,
and holistic approach to industrial development.

The transition from Industry 4.0 to Industry 5.0 is appearing in
several industrial sectors (Maddikunta et al., 2022), (Mishra et
al., 2024), (Broo, Kaynak & Sait, 2022), and maintenance
operations if one of the fields with greater impact for workers

and industrial stakeholders. As discussed in (Rathi et al.,
2021), the maintenance sector is facing challenges with worker
reluctance to embrace new technologies. Recent accident
reports reveal that approximately 80% of shipping accidents
can be attributed to human errors during maintenance activities
(Islam et al., 2018). Dunn (2015) conducted research
demonstrating that more than 50% of equipment experiences
premature failures after maintenance work. Moreover, it is
important to highlight as Operation & Maintenance (O&M)
field is seeing a profound transformation: remote monitoring,
telecontrol or even onsite labour-intensive activities are now
characterized by large use of smart devices and equipment that
affect or lead to unbearable cognitive workload for the
operators. The term workload characterizes the required
mental effort to complete a task with several constraints
(Miyake, 2001). Cognitive workload encompasses both mental
and physical dimensions, including frustration, performance,
and temporal demand (Ghalenoei et al., 2022) and these factors
can influence the individual’s task performance and ability to
cope with concurrent tasks. In this context, researchers and
industrial stakeholders are actively seeking solutions to
alleviate the challenges faced by operators also with the
adoption of advanced Decision Support Systems. These
systems leverage artificial intelligence, machine learning, and
real-time data analysis to provide operators with actionable
insights and recommendations, simplifying complex decision-
making. By reducing cognitive workload, the Operator can
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perform maintenance activities more effectively and
efficiently while ensuring operator well-being and job
satisfaction, thus fostering a safer and more collaborative
industrial environment, and ensuring maintenance tasks are
more intuitive, safer, and satisfying for human operators.

Decision Support Systems (DSS) have emerged as valuable
tools in various industrial sectors (Power, 2008), offering
valuable support to streamline operations and enhance
decision-making processes. These systems are designed to sift
through immense datasets, extract relevant information,
elaborate mathematical and research operations algorithms to
support humans to take the most appropriate decision in
complex decision-making tasks.

Funded by the Italian Ministry for Universities and Research
(Project PRIN - CUP D53D2301836 0001), this paper presents
the preliminary concepts and objectives of DESDEMONA
(Decision Support System for the Diagnosis and Evaluation of
Maintenance Operations Activities), a DSS based on the
Industry 5.0 paradigm. The intended platform will be custom-
designed to assist industrial professionals and stakeholders
engaged in maintenance tasks characterized by significant
cognitive demands. Considering variables such as task
complexity and the mental and physical condition of operators
involved in a maintenance task, the DSS will provide real-time
recommendations for selecting the most suitable operators.

This paper is structured as follows: Section 2 offers an
overview of DSS, particularly in the context of maintenance
activities within the smart manufacturing environment. In
Section 3, we delve into the transition from Industry 4.0 to
Industry 5.0 to provide the contextual background for the
project concept. Section 4 provides a concise introduction to
the DESDEMONA Decision Support System, object of the
PRIN Research Project. Lastly, Section 5 concludes the paper
and outlines future avenues of this project work.

2. STATE OF THE ART

Decision Support Systems (DSS) became practical in the mid-
1960s, thanks to the development of minicomputers, timeshare
operating systems, and distributed computing. The history of
these systems is complex and, as technology advanced,
different categories of DSSs emerged to assist human
operators in daily working activities (Power, 2008). Over the
last two decades, DSS have undergone significant evolution,
primarily driven by advancements in technology, particularly
in artificial intelligence (Al) and machine learning. Initially,
DSSs relied on static models and manual data input, focused
on specific decision areas. However, with the integration of
Al, they have become dynamic, capable of handling vast and
complex datasets, and offering real-time predictive analytics.
Al-enabled DSSs can learn from data, adapt to new scenarios,
and provide more nuanced and sophisticated decision support.
This transformation has made DSSs more powerful and widely
adopted across various sectors, enhancing their role in
facilitating informed and efficient decision-making processes.

Nowadays, many companies depend on DSSs for various
operational needs, including product and process design,
optimal machine and equipment scheduling, quality control,

maintenance, fault detection, and managing supply chain
constraints (Gupta et al., 2020). These systems help
organizations to make informed decisions related to inventory
management, production processes, and distribution strategies
(Mar-Ortiz et al. 2019; Scott et al. 2015). DSSs optimize
inventory levels, reduce lead times, and enhance overall
supply chain efficiency. In manufacturing, they assist in
production planning and scheduling, enabling agile responses
to changing market demands and ensuring just-in-time
production. As shown in (D’Urso, Chiacchio & Demerouti,
2021) they play an important role in the cognitive workload of
users because such platforms can leverage the amount of
information to present to the decision maker.

Computerized systems, supported by Artificial Intelligence,
Big Data, and the Internet of Things (IoT), are now primed to
assign DSS a central role in optimizing processes and
operations. Through continuous monitoring of equipment and
working conditions, DSSs can anticipate potential breakdowns
before they occur. As noted by Bumblauskas et al. (2017), this
forward-looking approach significantly reduces downtime,
cuts maintenance costs, and prolongs the operational life of
essential equipment. Moreover, DSSs aids in optimizing
maintenance schedules, ensuring that resources are deployed
efficiently, and maintenance activities are performed when
needed. For instance, (Deng, Santos, Verhagen, 2021)
introduce a novel DSS that integrates maintenance check
scheduling, task allocation and shift planning. In Livera et al.
(2021), a DSS was developed for corrective maintenance of
photovoltaic power plants. The accuracy of a DSS can be
further improved using novel algorithms tailored on specific
applications, as demonstrated in (Hatamzad et al., 2022) for
the use case of winter road maintenance.

In the context of maintenance activities, DSS should not serve
just as predictor for fault occurrence or maintenance
scheduling tool, but it can play a pivotal role in promoting a
safer working environment by providing real-time insights
into safety parameters and potential hazards. In this evolving
industrial landscape, the role of the operator is undergoing a
profound transformation. Today's maintenance tasks
encompass more than just the execution of routine activities;
instead, they entail a dynamic role where operators are
instrumental in orchestrating the intricate interplay between
advanced smart industry practices powered by Industry 4.0 and
the intrinsic human elements. Therefore, the pivotal question
that arises is how human operators can be supported with
regards to maintenance tasks by the consolidated 14.0
technologies. Although the literature provides a strong support
in using DSS and adapt it to different situations, the main gap
that it was found is in the adoption of such decision systems to
assist industrial stakeholders in selecting the most suitable
maintenance operators. Table 1 and Table 2 outline attributes
that can be used to characterize both human operators and
maintenance tasks. These attributes serve as inputs for well-
established decision-making methodologies, including
Analytic Hierarchy Process (AHP), TOPSIS (Technique for
Order of Preference by Similarity to Ideal Solution), and
others, to empower the Decision Support System (DSS).
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Table 1. Attributes of the Human operator

Attribute | Type Description
Physical General | Factors like fatigue, health status, and
Condition ergonomics. A physically fit operator
might be less prone to cognitive
overload
Decision General | Ability to make quick and effective
Making decisions. Critical in high-stress or
Skill complex task scenarios
Stress General | Ability to perform under pressure. High
Tolerance stress tolerance could indicate a lower
perceived cognitive workload
Cognitive | General | Memory retention, problem-solving
Capacity skills, and attention span. Higher
capacity could imply better
performance under cognitive load
Experience Task | Novice, Intermediate, Expert.
Related | Experienced operators might handle
cognitive loads differently compared to
novices
Training Task | Specific training related to the task.
Background | Related | Specialized training can affect the ease
of task execution.

Table 2. Attributes of the Maintenance task

Attribute Description
Complexity Simple, Moderate, Complex. Complex tasks
Level might induce higher cognitive workload
Duration Short-term vs. Long-term tasks. Longer tasks
may require sustained cognitive engagement
Familiarity Tasks that are routine vs. novel. Novel tasks
might require more cognitive resources
Environmental | Conditions like noise, lighting, and workspace
Factors layout. Adverse conditions can increase
cognitive load
Safety & Low, Medium, High. Higher risk tasks may
Risks require more careful cognitive processing.
Resource Access to tools, manuals, or assistance. Limited
Availability | resources can increase cognitive workload

As discussed in Digiesi et al., (2022), this type of worker has
to manage an increasing amount of information and data
during the decision-making processes, therefore it becomes
imperative to finely calibrate the assignments and workloads
assigned to operators, aligning them precisely with their
physical and cognitive capabilities. This calibration process
should be sensitive to individual differences in task suitability
and tolerance for repetitive activities. Achieving the best
balance is essential, impacting not only operational efficiency
but also the well-being and satisfaction of the workforce.
Recent research underscores this point: Wirani et al. (2022)
utilized the NASA-TLX method to evaluate the effects of work

shifts on maintenance operators' workloads, highlighting the
psychological load borne by these workers. Ghalenoie et al.
(2022) examined the effects of cognitive workload in control
room operators, noting a significant dip in performance at the
start and end of shifts. Kosch et al. (2023) delved into the
cognitive demands linked with Human-Computer Interactions,
underscoring the need to understand the ergonomic aspects of
human-machine interfaces to improve the interaction quality
for operators.

3. PROJECT BACKGROUND: FROM 14.0 TO I5.0

The transition from Industry 4.0 to Industry 5.0 represents a
significant shift in the industrial landscape, as illustrated in the
pyramid diagram of Figure 1. At the foundational level,
Industry 4.0 establishes a technological base characterized by
the integration of the Internet of Things (IoT), Big Data
analytics, Cloud Computing, and Cybersecurity. This base
layer epitomizes the era of digital transformation, emphasizing
automation, data-driven insights, and interconnected
manufacturing processes. Added to this foundation are crucial
elements like Automation & Robotics, signifying the rise of
automated systems and robotic assistance in industrial
operations, and Digital Twins, representing virtual replicas of
physical systems that enable optimized asset management and
predictive maintenance. Ascending the pyramid, we encounter
the transitional phase that acts as a bridge between Industry 4.0
and Industry 5.0. This layer signifies a pivotal shift towards a
human-centered technological approach. Key aspects here
include Al-driven predictive maintenance, enhancing the
efficiency and foresight in machinery upkeep; Augmented
Reality, which elevates the capabilities and safety of human
operatives in field operations; and the advent of collaborative
human-robot interactions (cobots), blending human intuition
and experience with robotic accuracy and endurance. The third
layer, representing Industry 5.0, further advances this
integration, focusing on personalized production techniques
that meld human creativity with sophisticated manufacturing
processes. It underscores the importance of sustainable
practices, reflecting a growing awareness of environmental
and social responsibilities in industrial activities. This layer
also highlights advanced human-machine interactions. The
fourth and final layer is dedicated to Seamless Human-
Machine Symbiosis where the integration of human and
machine capabilities is not just collaborative but seamlessly
interwoven.

Even though the final layer of the pyramid is far from being
reached, recent studies demonstrate that this challenging
ascent towards the total integration in a cooperative work
environment has introduced new cognitive challenges in
industrial tasks (Cavallo et al., 2021). Maintenance tasks have
evolved to become increasingly complex, and this has
substantial implications for the adaptability and flexibility of
production systems. The advent of technologies such as Big
Data, Augmented Reality and Artificial Intelligence has
provided valuable support for these tasks in smart factories.
However, these technologies have introduced a new layer of
complexity, leading to a shift in the cognitive workload
experienced by operators. This shift can potentially jeopardize
the well-being of workers, discourage the adoption of these
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innovative tools, and, overall, may not necessarily translate
into enhanced safety and performance for maintenance tasks.
In such scenarios, when even advanced technology support

The DESDEMONA project is framed within this broad
context. Its main objective is to conceive and implement an
advanced Decision Support system able to provide real-time

recommendations for allocating and ranking the most suitable
operators of the Operation & Maintenance characterized by
high cognitive demand.

does not fully mitigate the risk of accidents, questions arise
about whether the issue lies with the maintenance procedures,
operator's decisions or in misuse of tools and technology. To
tackle these challenges, one of the objectives of Industry 5.0 is
to provide tools that enable advanced collaboration between
humans and machines.
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Total Integration . .
with cooperative Syl'l‘lhll]SIS

work environment
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Figure 1. The pyramid diagram of 14.0 to 15.0 transition

4. DESDEMONA PLATFORM

Figure 2 presents a conceptual framework of DESDEMONA,
highlighting the project approach, where human-centric
aspects of industrial operations are integrated to the work
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Figure 2. Conceptual Framework of DESDEMONA

environment to optimize both human well-being and industrial
performance.

At the bottom of the framework, we can find the Industrial
Environment block that represents the field of operation,
where the actual tasks occur, such as maintenance. It is the
physical space and working conditions where DESDEMONA
operates and from which it gathers the inputs. Among them,
the Maintenance Tasks and the Industrial Performance
(efficiency and effectiveness of maintenance operations) can
affect the Cognitive Information Content perceived by the

maintenance operators. In this picture, DESDEMONA has the
main task to ensure efficiency, safety, and reliability.

The two pillar concepts of Industry 5.0, Human Well Being
and Human Machine Interface are framing the lateral blocks
of DESDEMONA. The former is a foundational element of
Industry 5.0 paradigm, emphasizing the importance of
emotional and physical health of the workers. In
DESDEMONA, human well-being is monitored through
Emotional Analysis to assess the emotional state of operators,
possibly through Al-driven analysis of facial expressions to
understand the operators’ emotional state and measuring
physiological signals (like heart rate and pressure) and gauge
stress levels or attention. On the other side, Human-machine
Interface represents the point of interaction between the
operators and the industry equipment. It is through this
interface that, with the aid of Smart Equipment powered by
Industry 4.0 technologies, the system delivers its insights and
recommendations, and where operators interact with the
system to inform it of their actions and decisions. The design
of this interface is key to the system’s success, as it must be
intuitive enough to enhance the decision-making process
without adding to the cognitive load of the operators.

The cognitive workload evaluates the mental load on operators
to prevent fatigue and errors. This component is strictly linked
to the Operator’s profile, the Emotional Status and the
capability to use the Smart Technologies of the industrial
equipment which enable the automation of decision-making
processes or provide intelligent support to human operators.

The DESDEMONA DSS sits at the center. It takes into
account three key factors: the operator's profile (including
competencies, skills, age, etc.), the operator's emotional state,
and the availability of smart equipment, processing and
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providing feedback between the human operators and their
tasks to optimize both human well-being and industrial
outcomes. In essence, it is a holistic approach to integrating
advanced technology with human factors to promote
efficiency and health in industrial settings.

The primary roadmap of the project unfolds through three key
phases. Initially, it must be identified a specific domain of
application; this represents a critical step that enables the
identification of industrial partners and maintenance activities
suitable for use as case studies. This early phase serves as the
foundation of our project, ensuring that we operate within a
practical and well-defined scope. It allows us to avoid overly
broad objectives and facilitates a clear path forward. Once the
fundamental structure and architecture of the DSS will be
clear, it will then be possible to generalize its applicability.

The second step of the roadmap involves a synergy of
scientific and industrial research activities. This phase
commences with an extensive literature review, aiming to
frame the state of the art in DSS and Industry 5.0 applications
within the context of maintenance. This comprehensive review
serves to identify gaps and opportunities for intervention.
Subsequently, the core of this phase centers on the actual
implementation of the DSS. To achieve this, the DSS must be
underpinned by a robust mathematical framework crafted to
assess the emotional states of operators in the context of their
engagement in maintenance tasks. This mathematical
framework aims to provide a structured approach to analyzing
and understanding the emotional dynamics during these
critical tasks. In order to do that, the human operator and the
maintenance task models must be designed.

As the project progresses beyond its initial planning phases, it
enters a pivotal implementation stage defined by two essential
elements: (i) the creation of the Decision Support System
(DSS) through software development and (ii) the deployment
of an Industry 4.0 Internet of Things (IoT) sensor network,
accompanied by smart devices. To ensure progress and
enhance the ongoing solution, the DSS will undergo testing
within the operational environment of one of the partner
companies identified during the initial phase. During this
stage, the project team's objective of enhancing maintenance
tasks and prioritizing operator well-being is realized.
Furthermore, novel methodologies for real-time monitoring of
workers' emotional states and task performance during
execution will be developed. To achieve this, the adoption of
state-of-the-art wearable technology to be provided to
operators during their work shifts will be explored. These
wearables not only track traditional health indicators like heart
rate, blood pressure, and body temperature but also delve into
subtler markers of well-being, such as eye movement patterns
and posture, which can hint at potential fatigue. Additionally,
it would be considered the opportunity to install environmental
sensors strategically placed in the workplace to monitor
conditions like temperature, humidity, air quality, and noise
levels. This holistic data collection approach forms the
backbone of a real-time monitoring system, that allows to gain
profound insights into the physical and emotional states of our
operators.

The third stage of the experimental design centers on the
incorporation of artificial intelligence (AI) and machine
learning (ML) algorithms. These algorithms are designed to
further enhance the understanding of the emotional analysis of
operators at work by leveraging biometric data collected
directly from the field. By employing such advanced data
analytics and artificial intelligence, it would be possible to
correlate the biometrics data with task performance and
emotional cues. For instance, the system would have the
capability to identify instances when an operator might be
undergoing elevated stress levels or displaying signs of
exhaustion through the analysis of speech patterns and facial
expressions. These indicators could prompt the need for
intervention and the issuance of alerts to both the operator and
their supervisors. These alerts function as proactive measures
to safeguard the operator's well-being and, consequently,
uphold task efficiency. Furthermore, the data collected over
time will enable data-driven decision-making regarding
workflow optimization, ergonomic enhancements, and the
tailoring of worker training programs. This approach is aimed
at fostering a balanced and productive work environment in
line with the principles of Industry 5.0.

4. CONCLUSIONS

While Industry 4.0 technologies have facilitated the
development and transformation of industrial processes
through advanced digitalization and smart cyber-physical
systems, the transition to Industry 5.0 places renewed
emphasis on the human element both within and beyond the
production environment. Its objectives are twofold: firstly, to
cultivate a healthier and more supportive work environment,
and secondly, to promote industrial practices that are
environmentally sustainable and economically viable.
However, the integration of Industry 4.0 technologies was not
without its challenges, as workers have increasingly faced
higher levels of stress and cognitive workload while keeping
pace with smart systems. In this context, this paper introduces
the preliminary concepts and objectives of DESDEMONA
(Decision Support System for the Diagnosis and Evaluation of
Maintenance Operations Activities), a DSS aligned with the
Industry 5.0 paradigm. This custom-designed platform aims to
assist industrial professionals and stakeholders involved in
maintenance tasks that impose significant cognitive demands.
By considering variables such as task complexity and the
mental and physical condition of operators participating in
maintenance activities, the DSS will offer real-time
recommendations for selecting the most suitable operators.
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